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Abstract
Although previous deep imputation methods (e.g., Genera-
tive Adversarial Network (GAN) based methods) have been
widely designed to impute missing data, they still suffer from
the issues, i.e., lack of the imputation diversity and the gener-
alization ability. In this paper, we propose a new GAN-based
imputation method, namely Meta-based Generative Adver-
sarial Imputation Network (Meta-GAIN), to investigate a new
generator for achieving diverse imputation and generalization
ability. Specifically, we employ the Kullback-Leibler (KL)
divergence to achieve the imputation diversity by generat-
ing a continuous embedding space of the original data. We
also design a task regularizer to suppress redundant features
and capture a more authentic distribution, thus enhancing the
generalization ability of the imputation model. Moreover, we
theoretically prove that our proposed regularizer achieves the
generalization ability. In addition, we design a new meta net-
work to efficient optimize our objective function as well as
to improve imputation diversity. Experimental results on real
datasets show that our method outperforms all comparison
methods under different missing mechanisms in terms of im-
putation and classification performance.

Introduction
Missing values are often found in real-world applications
such as medical data analysis and financial data application,
due to various reasons like privacy, lost, and so on (Adhikari
et al. 2022; Bryzgalova et al. 2025). Deep learning on incom-
plete datasets (i.e., where a part of feature values are miss-
ing) makes existing deep learning methods limited and in-
applicable as these methods are usually designed for dealing
with complete datasets whose feature values are observed.
As a result, an increasing attention is focused on conduct-
ing deep learning with missing values. Missing data impu-
tation which involves estimating values for the missing data
to fill incomplete datasets is becoming one of the most pop-
ular methods among all solutions for dealing with missing
values. The reason is that the imputed values make existing
deep methods available (Sun et al. 2023; Seu, Kang, and Lee
2022; Alwateer et al. 2024).

Missing data imputation methods can be broadly catego-
rized into three subgroups, i.e., statistical imputation meth-
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ods, traditional imputation methods and deep imputation
methods. Due to their powerful feature extraction ability,
deep imputation methods are more popular than both sta-
tistical methods and traditional methods in real applications.
To be more specific, deep imputation methods leverage deep
neural networks to automatically learn hierarchical repre-
sentations and generate sophisticated estimations for miss-
ing data especially for high-dimensional data. For example,
Generative Adversarial Imputation Nets (GAIN) is designed
to use the Generative Adversarial Network (GAN) to impute
missing data with the help of the hint matrix (Yoon, Jor-
don, and Schaar 2018). Graph Imputation Neural Network
(GINN) first treats the data as a graph, and then uses a neu-
ral network to infer and fill in the missing values based on
the connections and patterns observed in the graph structure
(Hammad Alharbi and Kimura 2020). Due to the remarkable
proficiency in estimating data distributions, deep imputation
methods especially GAN-based methods are very popular in
real applications. Further details on missing data imputation
methods are provided in supplementary Material.

Although previous deep imputation methods have
achieved significant imputation performance, there are still
some limitations to be handled. First, deep imputation meth-
ods (e.g., GAN-based methods) mainly focus on imputation
accuracy by ignoring the imputation diversity. However, di-
versity is crucial for missing data imputation because it en-
sures the imputed data more authentically reflect the origi-
nal data distribution, avoiding bias or limiting the accuracy
of subsequent model training. As a result, these GAN-based
methods without imputation diversity may lead to poor flex-
ibility. For example, the methods (i.e., GAIN (Yoon, Jor-
don, and Schaar 2018) and meshGAN (Hammad Alharbi
and Kimura 2020)) perform well in the training set, but
their imputation performance decreases with the increase of
the missing ratio, resulting in limited adaptability. Second,
many deep imputation methods primarily leverage observed
values, but they are irrelevant to downstream tasks and thus
influencing the generalization ability of the model. For ex-
ample, the methods (i.e., DAGAN (Liu et al. 2021) and MIA
(Josse et al. 2024)) utilize labels as supervision to guide
missing data imputation. However, they are not designed to
consider the generalization ability of the model.

To address the above issues, in this paper, we propose a
new GAN-based imputation method, namely Meta-GAIN,
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Figure 1: The framework of the proposed Meta-GAIN. Given the original data X, we first obtain its mask matrix M, and
then add random noise and uncertainty, respectively, to obtain X̃ and H. After the generator involving the reconstruction
loss (i.e., Lrc), the regularizer for the imputation diversity (i.e., Lkl ), the task regularizer (i.e., Ltr), and the adversarial loss
(i.e., Lad), we obtain the embedding Z, the decoder which is used to impute missing values, and the imputed data X̂. Finally,
we input both X̂ and H to the discriminator with the discriminator loss Lad to obtain the estimated mask matrix M′.

shown in Figure 1. Similar to GAN-based imputation meth-
ods, our method includes a generator and a discriminator,
but we mainly focus on designing a new generator to achieve
imputation diversity and generalization ability. Specifically,
we employ the Kullback-Leibler (KL) divergence (Joyce
2011) to make the embedding space of the original data con-
tinuous, which enhances the diversity of imputed data (Mc-
Coy, Kroon, and Auret 2018), thus exploring the first issue.
We also design a task regularizer (i.e., the cross entropy loss
between the classification results obtained by the embed-
ding and the ground truth) to reduce redundant features to
approximate the authentic distribution, and thus mitigating
the overfitting issue and enhancing the generalization ability
(Poulos and Valle 2018). Moreover, we theoretically prove
that the proposed task regularizer achieves the generalization
ability, thus exploring the second issue of previous methods.
In addition, we design a new meta network to adaptively op-
timize the hyper-parameters of our proposed objective func-
tion, which enables our model to be adaptable and improves
the imputation diversity.

Compared to previous imputation methods, the main con-
tributions of our method can be summarized as follows:

• We propose a new method to achieve imputation diver-
sity. Specifically, the KL divergence makes the embed-
ding space of the original dataset continuous to achieve
imputation diversity. Besides, the meta network also im-
proves the imputation diversity by adaptively learning
hyper-parameters.

• We propose a new task regularizer to generate task re-
lated representations, thus improving the generalization
ability. We also theoretically analyze that how the pro-
posed task regularizer achieves the generalization ability.

• Experimental results demonstrate the effectiveness of the
proposed method under different missing mechanisms on
different datasets with different noisy ratios.

Method
Denoting Ddata = D ∪ Dme as the dataset with n sam-
ples whose feature number is d, D = (X,Y) and Dme =
(Xme ∈ Rn×d,Yme), respectively, are the training data
and the meta data. Besides, xi is the i-th training sample
and yi ∈ {0, 1}C is the corresponding label with C classes.
Given the dataset Ddata, GAN-based imputation methods
aim at training an imputation network (i.e., the decoder)
based on the generator G and the discriminator D.

Motivation
Missing data imputation attempts to replace missing values
with accurate estimation. For example, GAIN (Yoon, Jor-
don, and Schaar 2018) revises GAN to conduct missing data
imputation by the following objective functions:

min
G

max
D

V (D, G), (1)

where

V (D, G) =EX̂,M,H

[
MT logD(X̂,H)

+(1−M)
T
log(1− D(X̂,H))

]
,

(2)

where X̂ ∈ Rn×d is the imputed dataset of the original data
X. M ∈ {0, 1}n×d is the mask matrix (as known as the
indicator matrix) of X, where 1 means observed value and 0
means missing value. H ∈ Rn×d is the hint matrix, whose
missing values are randomly imputed. The loss functions of
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G and D in (Yoon, Jordon, and Schaar 2018) are listed as
follows:

LGe(X, X̂,M, M̂) =
∑

(x̂i − xi)
2︸ ︷︷ ︸

Lrc

− η
∑

(1−mi) log(m̂i)︸ ︷︷ ︸
Lad

,
(3)

LD(M, M̂,H) =
∑

[mi log(m̂i) + (1−mi) log(1− m̂i)], (4)

where M̂ ∈ Rn×d is the estimated mask matrix, Lrc is the
reconstruction loss, and Lad is the adversarial loss of GAIN.
GAIN employs a generator (i.e., an Multilayer Perceptron
(MLP) to impute missing values and a discriminator to dis-
tinguish real data from imputed data.

However, as aforementioned, GAIN uses an MLP as the
generator to suffer from the issues, including imputation di-
versity and generalization ability. In this paper, we propose
the Meta-GAIN in Figure 1 to address the above issues.

Meta-GAIN
The proposed Meta-GAIN is designed to train an imputation
network (i.e., the encoder network ϕen), based on the gen-
erator G (including an encoder network, a task regularizer
ϕtr, and a meta network θ), and the discriminator D with
the discriminator network ϕD.

Imputation Diversity The goal of imputation diversity is
to prevent the model from overfitting to the current data and
to enhance the robustness of the imputed data for down-
stream tasks. Previous methods tend to maintain the impu-
tation diversity by either adding random noise to the train-
ing data or designing a particular regularizer. For example,
(Karras et al. 2020) add random noise to the features of
each layer in the generator, which is equal to introduce ad-
ditional random dimensions into the embedding space, thus
expanding the effective sampling scope to enhance imputa-
tion diversity. (Tseng et al. 2021) apply an L2 regularizer
to weaken the discriminator capability, enriching the gradi-
ent directions to achieve the imputation diversity. Although
these methods can achieve imputation diversity, they still
have disadvantages. For example, adding noise may cause
the imputed data to deviate from the original data. The L2

regularizer may compresses the expressive capacity of the
embedding. To address this issue, we investigate a KL di-
vergence to make the distribution of the embedding space
continuous, which is available to enhance the imputation di-
versity of the model.

Give the training data D = (X,Y) with missing values,
we first divide the original dataset into multiple batches, and
then randomly add noise into the training data to get the new
matrix X̃ of X, i.e.,

X̃ = M⊙X+ (1−M)⊙ S, (5)

where ⊙ is the element-wise multiplication operator and
S ∈ [0, 1]n×d is the random noise matrix to avoid the gener-
ator consistently output either mean value or fixed value. To
achieve the imputation diversity, we consider to control the
distribution of the embedding Z of X̃ in the encoder by:

Lkl = KL(p(Z|X̃) ∥ p(Z)), (6)

where p(Z) is the true prior distribution of Z and p(Z|X̃) is
the true posterior distribution of the embedding Z on X̃.

The KL divergence in Eq. (6) reduces the distribution dif-
ference between p(Z) and p(Z|X̃) to ensure that the learned
embedding space distribution approaches a continuous prior
distribution, thereby making the embedding space continu-
ous. As a result, this makes the imputation process (i.e., im-
puted values are sampled from the embedding space) flexi-
ble, and thus improving the imputation diversity. Moreover,
it explores the issues in previous methods. For example, the
proposed KL regularizer restricts the deviation between the
latent distribution and the prior distribution, thus reducing
the risk of imputation values deviating from the original
data. Meanwhile, by constraining the posterior distribution
from X̃ to Z, the embedding space retains its continuous
characteristics and probabilistic expressive capacity, thus ex-
ploring the issue of the methods with the L2 regularizer.

However, p(Z|X̃) in Eq. (6) is incomputable because its
computational cost is exponential explosion with the in-
crease of the dimensionality. Hence, in this paper, we follow
(Odaibo 2019) to use the conditional probability distribution
(i.e., qϕen

(Z|X̃)) of the embedding Z given the original data
X̃ to approximately estimate p(Z|X̃), so the regularizer for
the imputation diversity in Eq. (6) is changed to:

Lkl = KL(qϕen
(Z|X̃) ∥ p(Z)), (7)

Because qϕen
(Z|X̃) is a manually designed, parameteriz-

able distribution, i.e., a standard Gaussian distribution, it has
a closed-form solution and its parameters are directly output
by the encoder network. Therefore, it is easy to compute.

Task Regularizer Although our method solves the issues
in previous methods (e.g., GAIN) to achieve imputation
diverisity for missing data imputation, but previous meth-
ods often ignore the generalization ability of the imputa-
tion, resulting in bad imputation performance on out-of-
distribution data. For example, the unsupervised adversar-
ial loss in GAIN only constrains the fidelity of reconstruc-
tion and lacks task-relevant regularization. This causes the
generator to easily fit the unique noise in the training data
rather than the underlying data distribution, thereby leading
to overfitting and poor generalization ability of the imputa-
tion model. To solve this issue, we propose a task regularizer
on the embedding Z to achieve the generalization ability.

Specifically, in the generator, given Z as the input, we
employ an MLP as the network of the downstream task
(i.e., classification tasks) and regard the cross entropy loss
as the task regularizer, i.e.,

Ltr = E(X̃,Y) [− log fϕtr
(Y|Z)] , (8)

where fϕtr
is the downstream task (e.g., classification)

with parameters ϕtr.
After introducing the label information by Eq. (8), our

method constrains the imputation results to the task space
through the label consistency, which is equivalent to impos-
ing data-independent prior noise. This forces the model to
learn the general structure of samples rather than the unique
noise specific to the training data, thereby suppressing the

25977



overfitting issue to improve the generalization ability of the
model. Detailed information regarding the theoretical analy-
sis of the proposed task regularizer can be found in Subsec-
tion “Theoretical Analysis”.

Objective function After considering the imputation di-
versity byLkl and the generalization ability byLtr, we com-
bine them with the adversarial loss Lad and the reconstruc-
tion loss Lrc to have the final objective function LG of our
method as follows.

LG = Lrc + βLkl + γLtr + ηLad, (9)

where β, γ, and η and hyper-parameters.

Optimization by Meta Network It is usually difficult to
tune the hyper-parameters in Eq. (9). Previous works typi-
cally set them with fixed values, easily resulting in the lack
of flexibility. For example, HIVAE (Nazabal et al. 2020)
manually sets its hyper-parameters and β − V AE (Higgins
et al. 2017) sets its hyper-parameters with the methods of
linear annealing. In this paper, we design a meta network to
adaptively learn the hyper-parameters in Eq. (9), i.e., β, γ,
and η. Specifically, based on Model-agnostic Meta Learning
(MAML) (Finn, Abbeel, and Levine 2017), our meta net-
work includes the inner, i.e., the base learner LG(W) where
W is denoted as all network parameters in the generator,
and the outer, i.e., the meta learner Lme with the parameter
θ. Furthermore, we define the objective function Lme of our
meta network as follows:

Lme =
1

n

n∑
i=1

(xme
i − x̂me

i )
2 (10)

where Xme is the training samples of the meta network and
X̂me is the imputed data of the original meta samples.

In this paper, we design a bi-level minimization method
to optimize our objective function in Eq. (9): w∗(θ) = argmin

w
LG(w;θ)

θ∗ = argmin
θ

Lme(w
∗(θ)) . (11)

In this paper, we employ Stochastic Gradient Descent
(SGD) (Amari 1993) to alternately optimize Eq. (11). As
a result, the optimization process of the generator is sepa-
rated into three steps. Specifically, we first draw a batch of
samples from the meta dataset Xme, and then update the pa-
rameter w by the following rule:

ŵ(t) = w(t) − η1∇wLG(w;θ) (12)
After updating the parameters in the generator, i.e., from

w(t) to ŵ(t) by Eq. (12), we update the parameters of the
meta network by:

θ(t+1) = θ(t) − η2∇θLme(ŵ(θ)) (13)

Since the update of w is guided by the meta network θ,
it may lead to inaccurate hyper-parameters with the help of
θt instead of θt+1. Hence, we re-update ŵ(t) to w(t+1) by
Eq. (12). Specifically, during the first calculation of Eq. (12),
only the network parameters of the generator are updated,

and gradients are not backpropagated. In the second calcu-
lation of Eq. (12), all the network parameters are updated
while gradients are back-propagated.

By adaptively adjusting hyper-parameters β, γ, and η.
by our meta network, our imputation method can maintain
sufficient uncertainty in the embedding space while meet-
ing task accuracy constraints, thus enhancing the imputation
diversity. The pseudo code of the proposed Meta-GAIN is
shown in Algorithm 1.

Theoretical Analysis
In Eq. (8), we design a task regularizer to achieve the gen-
eralization ability for missing data imputation. In this sec-
tion, we theoretically analyze that the proposed task regular-
izer reduces the generalization error of the downstream task,
e.g., the classification task in this paper.

Let p(X) be the true data distribution and p̂(X) be the em-
pirical distribution over n samples, the generalization error
for classifier fϕtr

is defined as follows:
ϵgen =

∣∣E(X,Y)∼p(X) [ℓ(Y, fϕtr (Z))]

− 1

n

n∑
i=1

ℓ(yi, fϕtr
(zi))

∣∣, (14)

where ℓ is the 0-1 loss. In Eq. (14), the first term is the true
risk and the second term is the empirical risk.

Based on (Yin, Kannan, and Bartlett 2019), we apply the
Rademacher complexity bound for the function class fϕtr to
have:

ϵgen ≤ 2Rn(Fϕtr
) +

√
log(1/δ)

2n
+ E[ℓ01] (15)

Applying Pinsker’s inequality (Caprio 2022) to the 0-1 loss,
we have:

E[ℓ01] ≤
1

2

√
E [DKL (H(Y,Z)∥Hϕtr

(Y,Z))] (16)

where H(Y|Z) is conditional entropy and Hϕtr
(Y |Z) is the

cross entropy. Their definitions are shown as below:
H(Y|Z) = −EP (Y,Z)[log P (Y|Z)] (17)

Hϕtr
(Y|Z) = −EP (Y,Z)[log Qϕtr

(Y|Z)] (18)
where P (Y,Z) is the probability distribution of the true la-
bel Y given the embedding Z. Qϕtr

(Y|Z) is the conditional
probability distribution predicted by the classification net-
work which is actually Ltr. Based on Eq. (17) and Eq. (18),
Eq. (16) can be rewritten as:

E[ℓ01] ≤
1

2

√
Ltr −H(Y|Z) (19)

Combining Eq. (15) with Eq. (19), we have:

ϵgen ≤2Rn(Fϕtr ) +

√
log(1/δ)

2n

+
1

2

√
Ltr −H(Y|Z)

(20)

Since the value of H(Y|Z) is independent to the clas-
sification network, we can decline the upper bound of the
generalization error by optimizing Lϕtr

. That is to say, the
generalization ability of the imputation model was enhanced
with the help of task regularizer.
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Algorithm 1: The pseudo-code of the proposed Meta-GAIN.

Input: Training data D = {X,Y}, meta data Dme =
{Xme,Yme}, the batch size kbs, the maximal epoch
(Max E).

Output: the decoder network ϕde.
1: Initialize the parameters of all networks, i.e., w, θ, and

ϕad , and the parameters, i.e., β, γ and η.
2: while I < Max E do
3: Choose kbs samples from D
4: Generate kbs random numbers that follow the

Bernoulli distribution denoted as B.
5: while j < kbs do
6: x̄(j)← G(w)
7: x̂(j)←m(j)⊙ x(j) + (1−m(j))⊙ x̄(j)
8: h(j) = b(j)⊙m(j) + 0.5(1− b(j))
9: end while

10: Update discriminator using SGD with
∇D −

∑kD

j=1 LD(m(j), D(x̂(j),h(j)),b(j))
11: Choose kbs samples from Dme

12: Generate kbs random numbers that follow the
Bernoulli distribution denoted as Bme.

13: while j < kbs do
14: h(j) = b(j)⊙m(j) + 0.5(1− b(j))
15: end while
16: Choose kbs samples from Dme

17: Update generator G with parameter w by Eq. (12)
(from wt to ŵt)

18: Update θ with Eq. (13)
19: Update w with Eq. (12) (from ŵt to wt+1)
20: end while

Experiments
We compare our proposed Meta-GAIN with 9 comparison
methods on 11 datasets at different missing ratios, in terms
of imputation performance and classification accuracy.

Experimental Setup
Datasets: We conduct experiments on eleven real datasets
from UCI dataset1, whose detailed information is summa-
rized in supplementary material. In our experiments, we fol-
low (Yoon, Jordon, and Schaar 2018) to corrupt the original
data with different missing mechanisms, i.e., Missing Com-
pletely At Random (MCAR), Missing At Random (MAR),
and Missing Not At Random (MNAR) missing mechanism.

Comparison Methods: The omparison methods include
two statistical imputation methods (i.e., mean and KNNI
(Regression 1992)), three traditional imputation methods
(i.e., XGBI (Chen and Guestrin 2016), MissFI (Stekhoven
and Bühlmann 2012), and PCAI (Josse, Pagès, and Hus-
son 2011)) and four deep imputation methods (i.e., MIDAE
(Gondara and Wang 2018), VAEI (McCoy, Kroon, and Auret
2018), HIVAE (Nazabal et al. 2020) and GAIN (Yoon, Jor-
don, and Schaar 2018)). The detailed experimental results
of extra comparison methods i.e., REMASKER (Du, Melis,

1https://archive.ics.uci.edu

and Wang 2023) and HyperImpute (Jarrett et al. 2022) are
listed in the supplementary material.

Implementation Details: All experiments are conducted
with an Intel i9-12900K CPU and a NVIDIA RTX3090
GPU. We implement the proposed Meta-GAIN with Py-
Torch framework and the source codes of all comparison
methods are collected from the authors, we also set the pa-
rameters of all comparison methods by following the cor-
responding original papers so that they output their best re-
sults. In the proposed method, we apply ReLU as the activa-
tion function and SGD as the optimizer with a momentum
of 0.9. We also set the batch size as 64, the learning weight
as 10−2, and gradually decay as 10−5. For the selection fo
the meta data, we randomly and equally select 10 % of sam-
ples from each class as the meta data. In our network ar-
chitecture, the networks (including the encoder, the decoder,
and the classification network) are a 5-layer MLP and every
layer is fully-connected with 100 neurons. All methods em-
ploy XGBoost (Chen and Guestrin 2016) as the classifier to
evaluate the classification performance on different datasets
with the same setting on the same dataset.

Metrics: We employ classification accuracy (Accuracy)
to evaluate classification performance, and employ Aver-
age Root Mean Square Error (ARMSE) combining the root
mean square error with accuracy error to evaluate the impu-
tation performance. More detailed information are listed in
supplementary material.

Result Analysis
We list the imputation results and the classification results,
respectively, of all methods in Tables 1-3 and Table 4.

First, the proposed method outperforms all comparison
methods on all datasets, followed by GAIN, HIVAE, VAEI,
MIDAE, MissFI, XGBI, KNNI, and Mean. For example,
our method declines on average by 0.031 and 0.128, respec-
tively, compared to the best comparison method (i.e., GAIN)
and the worst comparison method (i.e., VAEI) in terms of the
evaluation metric ARMSE. This indicates that it is necessary
to consider them in a unified framework, i.e., the imputation
diversity by the KL divergence, the generalization ability by
the task regularizer, and the optimization by the meta net-
work, for missing data imputation.

Second, the proposed Meta-GAIN outperforms all the
methods without considering the imputation diversity,
(i.e., MIDAE and GAIN). For example, the proposed Meta-
GAIN achieves an average increase of 0.028 and 0.024, re-
spectively, compared to MIDAE and GAIN on all datasets
in terms of classification accuracy. This verifies that it is rea-
sonable to use the KL divergence to achieve the imputation
diversity.

Third, the proposed Meta-GAIN outperforms the deep
imputation methods without considering the generalization
ability (i.e., MIDAE, VAEI, HIVAEI, and GAIN) under
different missing mechanisms. For example, the proposed
Meta-GAIN obtains the performance with an average de-
cline of 0.03 and 0.128, respectively, compared to the best
(i.e., GAIN) and the worst (i.e., VAEI) on all datasets in
terms of the evaluation metric ARMSE. This indicates that
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Datasets Mean KNNI XGBI MissFI PCAI MIDAE VAEI HIVAE GAIN Meta-GAIN

Wireless 0.224 0.182 0.184 0.165 0.218 0.195 0.299 0.166 0.131 0.115
Yeast 0.222 0.183 0.154 0.206 0.182 0.133 0.130 0.117 0.110 0.094
Balance 0.438 0.451 0.453 0.458 0.442 0.466 0.522 0.382 0.414 0.346
Valley 0.529 0.511 0.452 0.449 0.451 0.439 0.471 0.383 0.417 0.395
Wine 0.228 0.204 0.259 0.207 0.231 0.428 0.218 0.205 0.171 0.156
Connect 0.298 0.287 0.286 0.253 0.273 0.268 0.269 0.275 0.273 0.241
Letter 0.221 0.132 0.140 0.145 0.187 0.156 0.167 0.160 0.159 0.113
Turkiye 0.442 0.230 0.232 0.218 0.244 0.214 0.224 0.356 0.192 0.175
Chess 0.392 0.442 0.398 0.432 0.389 0.441 0.356 0.345 0.383 0.326
Anuram 0.222 0.123 0.136 0.111 0.144 0.150 0.143 0.162 0.098 0.081
Heart 0.347 0.360 0.345 0.325 0.342 0.407 0.288 0.278 0.271 0.255

Table 1: ARMSE results of all methods on different datasets at 20% missing ratio under the MCAR missing mechanism.

Datasets Mean KNNI XGBI MissFI PCAI MIDAE VAEI HIVAE GAIN Meta-GAIN

Wireless 0.261 0.178 0.142 0.152 0.188 0.207 0.321 0.171 0.135 0.128
Yeast 0.229 0.203 0.177 0.207 0.212 0.155 0.170 0.135 0.122 0.121
Balance 0.367 0.445 0.441 0.489 0.433 0.429 0.523 0.366 0.425 0.356
Valley 0.387 0.467 0.478 0.522 0.442 0.438 0.539 0.368 0.402 0.364
Wine 0.269 0.207 0.171 0.204 0.240 0.439 0.225 0.208 0.176 0.165
Connect 0.311 0.291 0.299 0.267 0.302 0.298 0.341 0.312 0.267 0.265
Letter 0.221 0.131 0.188 0.126 0.192 0.172 0.190 0.161 0.144 0.126
Turkiye 0.412 0.264 0.254 0.223 0.263 0.225 0.273 0.352 0.311 0.184
Chess 0.362 0.417 0.413 0.439 0.418 0.442 0.358 0.346 0.372 0.338
Anuram 0.242 0.102 0.172 0.141 0.172 0.190 0.199 0.201 0.199 0.151
Heart 0.332 0.342 0.334 0.336 0.332 0.432 0.302 0.289 0.290 0.279

Table 2: ARMSE results of all methods on different datasets at 20% missing ratio under the MAR missing mechanism.

the task regularizer can directly improve the generalization
ability of the imputation model.
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Figure 2: Imputation results and classification accuracy of
all methods at different missing ratios on datasets i.e., Let-
ter(the result of datasets Wireless and Anuran are in sup-
plementary materials), under MCAR missing mechanism
(MGAIN is the proposed Meta-GAIN).

Last but not least, we investigate the performance of all
methods on three datasets (i.e., Letter, Wireless, and Anu-
ran) at different missing ratios by reporting the results in
Figure 2 (result on dataset Anuran is in supplementary Ma-
terial). On one hand, our method still achieves the best,
compared to all comparison methods. This indicates the ro-
bustness of our method. On the other hand, our method
outperforms the deep imputation methods without hyper-

parameter adaptation (i.e., MIDAE, VAEI, HIVAEI, and
GAIN). For example, the proposed method achieves an av-
erage decline of 0.038 and 0.095, respectively, compared
to the best comparison method (i.e., GAIN) and the worst
comparison method (i.e., VAEI) on all datasets in terms
of the evaluation metric ARMSE. Moreover, the proposed
method achieves an average increase of 0.016 and 0.044,
respectively, compared to the best comparison method
(i.e., HIVAE) and the worst comparison method (i.e., VAEI)
on all datasets in terms of classification accuracy. This indi-
cates that adaptively adjusting hyper-parameters can achieve
adaptability with the help of meta network.

Ablation Study
The proposed method includes three key components,
i.e., the imputation diversity (ID), the task regularizer (TR),
and the meta network MN)2. We investigate the effective-
ness of every component by listing the imputation results of
8 methods in Table 5.

First, the method without considering any component
(i.e., the second row in Table 5) is worse than any method
that only considers one component (i.e., IM, TR, and MN)
or even any method in Table 5. This verifies that every com-
ponent of our method is useful for missing data imputation.

2In Table 5, the values of the hyper-parameters (i.e., β, γ, and
η) were set as β, γ, η ∈ {0.01, 0.1, 1, 10} if the methods do not
have the MN component, i.e., the third row, the fifth row, and the
seventh row in Table 5.
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Datasets Mean KNNI XGBI MissFI PCAI MIDAE VAEI HIVAE GAIN Meta-GAIN

Wireless 0.376 0.280 0.295 0.266 0.321 0.360 0.553 0.303 0.261 0.256
Yeast 0.312 0.307 0.336 0.282 0.332 0.287 0.294 0.235 0.242 0.229
Balance 0.710 0.705 0.702 0.709 0.712 0.776 0.841 0.705 0.611 0.558
Valley 0.732 0.752 0.738 0.739 0.734 0.779 0.833 0.711 0.642 0.584
Wine 0.430 0.362 0.382 0.368 0.420 0.659 0.462 0.372 0.307 0.302
Connect 0.425 0.423 0.372 0.404 0.432 0.542 0.551 0.503 0.403 0.396
Letter 0.334 0.298 0.247 0.267 0.303 0.304 0.431 0.252 0.146 0.141
Turkiye 0.592 0.498 0.512 0.505 0.342 0.416 0.692 0.528 0.388 0.352
Chess 0.641 0.635 0.599 0.621 0.612 0.756 0.637 0.603 0.509 0.472
Anuram 0.372 0.256 0.332 0.276 0.298 0.337 0.459 0.342 0.392 0.275
Heart 0.587 0.578 0.602 0.583 0.576 0.689 0.633 0.493 0.356 0.346

Table 3: ARMSE results of all methods on different datasets at 20% missing ratio under the MNAR missing mechanism.

Datasets Complete Mean KNNI XGBI MissFI PCAI MIDAE VAEI HIVAEI GAIN Meta-GAIN

Wireless 0.986 0.923 0.934 0.931 0.943 0.937 0.952 0.949 0.964 0.957 0.972
Yeast 0.582 0.491 0.513 0.504 0.521 0.514 0.533 0.526 0.541 0.532 0.552

Balance 0.925 0.852 0.861 0.858 0.873 0.867 0.882 0.879 0.891 0.885 0.902
Valley 0.535 0.461 0.479 0.473 0.487 0.484 0.494 0.491 0.501 0.498 0.514
Wine 0.983 0.912 0.924 0.918 0.934 0.931 0.943 0.939 0.951 0.947 0.962

Connect 0.857 0.776 0.787 0.782 0.795 0.792 0.802 0.801 0.809 0.805 0.914
Letter 0.952 0.879 0.894 0.886 0.903 0.901 0.912 0.908 0.921 0.917 0.936

Turkiye 0.864 0.793 0.798 0.795 0.806 0.803 0.813 0.810 0.821 0.816 0.835
Chess 0.903 0.826 0.845 0.834 0.854 0.851 0.862 0.858 0.869 0.865 0.874

Anuram 0.981 0.901 0.932 0.912 0.942 0.939 0.951 0.947 0.962 0.956 0.974
Heart 0.850 0.788 0.792 0.790 0.801 0.797 0.812 0.806 0.819 0.815 0.826

Table 4: Classification accuracy of all methods on different datasets at 20% missing ratio under the MCAR missing mechanism.

ID MN TR Wireless Yeast Balance Valley Win Connect Letter Turkiye Chess Anuram Heart

× × × 0.131 0.110 0.414 0.417 0.171 0.273 0.159 0.192 0.383 0.098 0.271
✓ × × 0.129 0.100 0.349 0.412 0.168 0.216 0.139 0.189 0.371 0.091 0.267
× ✓ × 0.123 0.097 0.372 0.411 0.164 0.259 0.131 0.185 0.353 0.087 0.263
× × ✓ 0.129 0.100 0.412 0.415 0.170 0.267 0.142 0.191 0.375 0.095 0.270
✓ ✓ × 0.118 0.095 0.357 0.398 0.158 0.244 0.119 0.179 0.332 0.083 0.257
✓ × ✓ 0.122 0.096 0.366 0.407 0.161 0.251 0.129 0.184 0.369 0.089 0.264
× ✓ ✓ 0.120 0.096 0.359 0.402 0.160 0.249 0.125 0.182 0.335 0.089 0.261
✓ ✓ ✓ 0.115 0.094 0.346 0.395 0.156 0.241 0.113 0.175 0.326 0.081 0.255

Table 5: ARMSE results of the ablation study on the dataset Letter at 20% missing ratio under the MCAR missing mechanism.

Second, the methods considering two components
(i.e., from the sixth row to the eighth row) are better than
any method considering only one component (i.e., IM, TR,
and MN). In particularly, our method considering all compo-
nents outperforms all other methods in Table 5. This demon-
strates that it is reasonable to consider all of components,
i.e., the imputation diversity, the generalization ability, and
the meta network, in a unified framework for missing data
imputation.

Third, MN beats other two methods (i.e., ID and TR). For
example, MN is with an average decline of 0.007 and 0.011,
respectively, on all datasets, compared to ID and TR. This
implies that the meta network is the best components out
of three ones of our methods. The reason may be that the
hyper-parameter adaptation introduces different constraints
at different stages to enlarge the embedding space, and thus

improving the imputation diversity. Moreover, in the exper-
iments, we always find that the values β is larger than the
values of either γ or η. This verifies again for the importance
of the meta network in our method.

Conclusion
In this paper, we proposed an new GAN based imputation
method to address the issues in previous methods. Specifi-
cally, we investigated both the KL divergence and the meta
network to improve the imputation diversity, as well as de-
signed the task regularizer to achieve the generalization abil-
ity of the imputation model. Moreover, we theoretically an-
alyzed the effectiveness of the proposed task regularizer.
Experimental results on real datasets verified the effective-
ness of the proposed method in terms of different imputation
mechanism at different missing ratios.
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